The objective of this study was to develop a comprehensive natural history model of human papillomavirus (HPV) and cervical cancer using a two-step approach to model calibration. In the first step, the authors utilized primary epidemiologic data from a longitudinal study of women in Brazil and identified a plausible range for each input parameter that produced model output within the 95% confidence intervals of the data. In the second step, they performed a simultaneous search over all input parameters to identify parameter sets that produced output consistent with data from multiple sources. A goodness-of-fit score was computed for 555,000 unique parameter sets using a likelihood-based approach, and a sample of good-fitting parameter sets was used in the model to illustrate the advantage of the calibration approach by projecting a range of benefits associated with cervical cancer prevention policies. The calibrated model had reasonable fit to the data in terms of duration and prevalence of HPV infection for high-risk types, prevalence of precancerous lesions, and incidence of cancer. The authors found that leveraging primary data from longitudinal studies provides unique opportunities for model parameterization of the unobservable nature of HPV infection and its role in the development of cervical cancer. calibration; computer simulation; human papillomavirus 16; human papillomavirus 18; natural history; papillomavirus vaccines; uterine cervical neoplasms Abbreviations: CIN, cervical intraepithelial neoplasia; HPV, human papillomavirus; HSIL, high-grade squamous intraepithelial lesion; LSIL, low-grade squamous intraepithelial lesion.
Over the past several years, our understanding of the natural history of cervical cancer, and specifically the role of human papillomavirus (HPV) as its central causal agent, has increased dramatically (1) (2) (3) . With the availability of reliable assays to detect high-risk, oncogenic types of HPV, and the recent licensure of a vaccine targeting HPV types 16 and 18 (4)-together responsible for as much as 70 percent of invasive cancer-many important questions have emerged about how screening guidelines should be modified to capitalize on synergies between screening and vaccination and, for low-resource settings in particular, how investments in vaccination will compare with adoption of newly proposed screening strategies applied two to three times per lifetime (5) .
No single empirical study can evaluate all possible strategies to inform these complex policy questions. Integrating the best biologic, epidemiologic, and economic data, computer-based mathematical models can assist in early decision making, can identify those factors most likely to influence outcomes, and can provide insight into the potential cost-effectiveness of different strategies (6) . Disease-specific simulation models used for this purpose are constructed to simulate the course of disease in individuals and project the overall health impact of the disease in a population. In doing so, they must consider the underlying, and oftentimes unobserved, course of disease. As a general rule, complete data for all input parameters are not available, and calibration to epidemiologic data is necessary to estimate the unknown probabilities (7) .
As the nature of the policy questions for cervical cancer control becomes more complex, sophisticated and detailed models of cervical carcinogenesis are also needed. Unfortunately, the number of unobserved natural history parameters in such a model quickly multiplies. At the same time, epidemiologic data on incidence and prevalence of typespecific HPV, cervical intraepithelial neoplasia (CIN) and cancer, and distribution of HPV types within CIN and cancer are increasingly available (8) (9) (10) (11) (12) (13) (14) (15) (16) . Proper use of these data requires new approaches for model calibration that take into account the uncertainty of both input parameters and calibration targets but constrain model output to be consistent with the best epidemiologic data. This study describes the development of a comprehensive natural history model of cervical cancer using an iterative multistep approach to calibration.
MATERIALS AND METHODS

Model
We developed a stochastic Monte Carlo simulation model of cervical carcinogenesis, in which disease progression in an individual patient is characterized as a sequence of monthly transitions between health states (figure 1). Health states in the model, descriptive of each patient's underlying true health, are defined to include HPV infection status, grade of CIN, and stage of invasive cancer; they are further stratified by HPV type categorized as 1) high-risk type 16; 2) high-risk type 18; 3) other high-risk types, including 31, 33, 35, 39, 45, 51, 52, 56, 58, 59, 66, 68, 73 , and 82; and 4) low-risk types, including 6, 11, 26, 32, 34, 40, 42, 44, 53, 54, 55, 57, 61, 62, 64, 67, 69, 70, 71, 72, 81, 83 , and 84. The latter hierarchical classification was used because of its strong empirical value in stratifying risk predictions. Note that categories 3 and 4 include HPV types that belong to different species and may vary in their oncogenic potential.
Individual women enter the model prior to sexual debut and are simulated one at a time using a series of monthly transitions between health states. The probabilities governing these transitions depend on age, HPV type, and typespecific natural immunity, as well as a woman's history of prior infection, CIN, and patterns of screening. Natural immunity was modeled as a reduction in future type-specific infection after initial infection and clearance. Each month, death can occur from noncervical cancer causes from all health states, or from cervical cancer after its onset. Each patient's lifetime clinical course is tracked from start age until death, with a tally maintained of all clinical events and accrued costs. The model also distinguishes the true underlying health status of each woman (e.g., CIN grade 2,3) from the reported results of a screening test (e.g., high-grade squamous intraepithelial lesion (HSIL)) to simulate data observed in a clinical study. In general, 10 million women are simulated, one at a time, to provide stable estimates of long-term outcomes for each strategy. A number of assumptions were necessary for the model. First, consistent with the latest scientific evidence (1-3), we assumed that invasive cancer could not occur in the absence of infection with a high-risk HPV type. Second, we assumed that our probabilities of age-related HPV incidence serve as a proxy for sexual risk by age. Third, because the natural history implications of simultaneous infections of multiple types are uncertain and occur in less than 10 percent of our study population (17) , we elected to classify women in this study with single infections according to the same hierarchical risk scale used in epidemiologic studies. For example, a woman with HPV type 16 and type 6 would be classified according to the more relevant high-risk HPV type 16.
Calibration using primary data
The initial estimates for the natural history model parameters (table 1) were based on data from the published literature and have been documented elsewhere (44, 45) . For our initial calibration step, we used primary data from the Ludwig-McGill cohort study, a longitudinal study of the natural history of HPV infection and cervical neoplasia in a population of low-income women in Sao Paulo, Brazil, one of the highest risk areas worldwide for cervical cancer (8) . From 1993 to 1997, the study enrolled over 2,400 women between the ages of 18 and 60 years and scheduled repeat follow-up visits at 4 months, 8 months, 12 months, and every 6 months thereafter for up to 8 years. At each visit, a cervical specimen was collected for both cytology testing and HPV DNA testing using polymerase chain reaction. Abnormal cytology results were categorized as lowgrade squamous intraepithelial lesion (LSIL) or HSIL, and HPV status was categorized as no HPV, low-risk HPV, or high-risk HPV.
We calibrated to three outcomes estimated from the Ludwig-McGill study: 1) mean duration (in months) of HPV infection, defined as time from incident low-risk or high-risk HPV infection to either clearance or development of LSIL or HSIL (46, 47) ; 2) hazard ratios for the association between HPV status at enrollment and incident cytologic abnormalities within 6 years of follow-up (48); and 3) hazard ratios for the association between time-varying HPV status and first occurrence of cytologic abnormalities within 3 years of follow-up (48) . We simulated a population similar to the study population; specifically, when a healthy female enters the model at age 12 years, the study enrollment age and screening schedule are drawn from a nonparametric distribution of enrollment age and visit schedule from the Ludwig-McGill study. The woman progresses through the natural history model and, when a screening month arrives, receives both a cytology test and HPV DNA test, and the results are recorded. We repeated this simulation for 100,000 women and produced a data set of observations containing age, visit month, HPV status, and cytology result, similar to the Ludwig-McGill data set. We used the same statistical algorithm as the one in the Ludwig-McGill study to calculate hazard ratios (details provided in the Appendix) (48) .
We simulated the Ludwig-McGill study population using baseline parameters derived from the literature as used in a previous model (44, 45 ) and compared the model output with the observed data. Over numerous iterations, we systematically adjusted parameter values over a broad range to explore the independent influence of these parameters on model output and to visually improve the fit of the model to the three outcomes from the Ludwig-McGill study. We assumed that the age patterns of probabilities governing the transition between health states were fixed (Appendix figures 1-4) but that the magnitude of these probabilities varied; as such, we applied multipliers to the parameters and varied the multipliers over a broad range. We further explored the uncertainty that exists regarding the timing and degree of type-specific natural immunity.
From this first calibration step, we generated plausible ranges for all input parameters with which the model projected estimates of HPV duration and hazard ratios that fell within or near the 95 percent confidence intervals for the equivalent observed statistics in the Ludwig-McGill study. We also visually checked each simulation to ensure that model predictions of age-specific prevalence of HPV and CIN and age-specific cancer incidence followed trends similar to those reported in the literature.
Calibration using a likelihood-based approach
While the goal of our first calibration exercise was to explore the influence of individual parameters using original data from the Ludwig-McGill study, our second phase of calibration was intended to allow all parameters to vary simultaneously and to capitalize on the full range of available data. In doing so, we sought to identify sets of parameter values that, when used in the model, produced outcomes that were consistent with epidemiologic data from multiple sources. As in the first calibration step, we applied multipliers to the parameters and sampled over a range of multiplier values (table 1) . Multiple simulations of the natural history model were conducted. For a single simulation, one value for each parameter was randomly selected from a uniform distribution over the identified range. In total, simulations were conducted with 555,000 uniquely sampled parameter sets.
Model outcomes using each parameter set were compared with multiple epidemiologic targets (table 2), including the outcomes from the Ludwig-McGill study; age-specific prevalence of low-risk and high-risk HPV, CIN 1, and CIN 2,3; type distributions of HPV among women with CIN and cancer; and age-specific incidence of invasive cervical cancer. Using data from meta-analyses and the published literature (10-16, 46-58), we specified likelihood functions for each target, assuming that each followed an independent normal distribution. Although prevalence data should in theory follow binomial distributions, we found that the normal approximation to the binomial was appropriate for the majority of prevalence estimates and therefore assumed normal distributions in order to remain consistent across all epidemiologic targets used for calibration. For the majority of targets, the normal distributions were constructed around the mean point estimate obtained from a single study. For the cancer incidence targets, which were based on cancer registry data from multiple sites and years, we estimated separate age-specific cancer incidence curves for each site and year, and we selected the lowest and highest curves to represent the lower and upper bounds of the data.
Goodness of fit for each parameter set was computed by summing the log-likelihood of each model outcome. We used the likelihood ratio test to identify a good-fitting subset, comprising those parameter sets that did not produce a significantly worse fit than the best-fitting parameter set (using an alpha level of 5 percent). In sensitivity analysis, we considered alternative scoring algorithms for assessing goodness of fit; for example, using a binary score for each target output, we computed a composite score indicating the number of model outcomes that fell outside of the 95 percent y Except where noted, calibration ranges represent multiplier values applied to baseline probabilities.
z HPV, human papillomavirus; CIN, cervical intraepithelial neoplasia. § Multiplier was constrained to be higher for high-risk 16 than highrisk 18 or high-risk other.
{ A proportion of women with HPV who progress to CIN 1 transition directly to CIN 2,3.
# Although baseline rates of progression and the range of multipliers were the same among all high-risk HPV types, the multipliers were allowed to vary independently by type in the parameter searches.
** Values represent the proportion of women progressing from HPV to CIN 1 who go directly to CIN 2,3. In the base case, no women transitioned directly from HPV to CIN 2,3. yy Although baseline rates of regression and the range of multipliers were the same among all HPV types, the multipliers were allowed to vary independently by type in the parameter searches. zz 70% of women with CIN 1 regress to normal, 30% to HPV. § § 70% of women with CIN 2,3 regress to normal, 15% to HPV, 15% to CIN 1. {{ Immunity represents the degree of protection each woman faces against future type-specific infection after first infection and clearance. At baseline, women acquired no immunity after first infection; during calibration, the degree of protection was permitted to range from 0 to 100% and was assumed to be lifelong. ## Sensitivity and specificity for cytology was varied extensively in sensitivity analysis. *** Sensitivity for HPV DNA test was defined as detection of any HPV infection, with no misclassification of low-or high-risk types.
confidence intervals of the corresponding target data. Furthermore, we explored a hierarchical scoring system in which we prioritized model fit to select targets based on the richness of available data or the importance of the output. With each of these scoring approaches, we used alternative thresholds for defining ''good-fitting'' sets (e.g., top 5, top 50, and top 100 scoring sets).
For illustrative purposes, we used a subset of 50 goodfitting runs from the likelihood-based calibration step to * All target data are assumed to follow normal distributions. y SD, standard deviation; HPV, human papillomavirus; CIN, cervical intraepithelial neoplasia.
z For prevalence of CIN 2,3, small sample size in the data limited the number of age-specific targets.
estimate the mean and range of reductions in lifetime cancer risk associated with two-visit HPV DNA testing strategies in Brazil. Details on the two-visit HPV DNA testing strategy have been provided elsewhere (5, 59) but are briefly summarized here. Women undergo initial screening during the first visit and then return for results during a second visit. Screen-positive women undergo visual inspection to determine whether they are suitable for cryosurgery treatment; women deemed ineligible are referred for diagnostic testing (e.g., colposcopy/biopsy) and, if necessary, receive treatment for precancerous lesions, depending upon lesion size and type. Results were generated for different screening intervals ranging from once per lifetime to every 3 years. Table 3 compares the mean duration of type-specific HPV infection from the Ludwig-McGill study (46, 47) with model output and shows the projected lifetime cancer risk from the model using adjusted natural history parameter values. Using baseline parameter values from the literature, which mostly reflect average probabilities rather than HPV type-specific probabilities, the model produced mean durations of both low-risk and high-risk HPV infections that were much longer than observed in the Ludwig-McGill study. To better approximate the empirical data, we performed simulations in which we applied multipliers greater than 1 in increments of 0.5 to rates of HPV incidence and clearance. A fourfold increase in average incidence and clearance was required to produce mean estimates of duration that were within the 95 percent confidence intervals for the high-risk types. However, in doing so, the estimates of duration for low-risk HPV remained below the 95 percent confidence interval until progression and regression of CIN were also adjusted. After these changes were implemented, the model estimates of HPV duration approximated the empirical data but the corresponding lifetime risk of cancer estimated for the study population was 10.8 percent, higher than what would be expected for Sao Paulo, Brazil.
RESULTS
Model fit to primary data
After varying remaining model parameters and finding they had minimal influence on model fit, we systematically explored the impact of alternative assumptions such as proportion of women with HPV infection progressing directly to CIN 2,3; heterogeneity among women with different HPV types in regression from CIN 2,3; and degree of natural immunity to type-specific infection. Only when we introduced type-specific natural immunity consistently above 50 percent for high-risk HPV types did model fit improve, simultaneously fitting estimates of duration from the LudwigMcGill study and producing an estimate for lifetime cancer risk of 3.1 percent, which is consistent with the annual incidence rate in Sao Paulo (15, 16) . Figure 2 shows the hazard ratio estimates for the associations between HPV status at enrollment (upper panel) and at a given visit (bottom panel) and incident LSIL or HSIL from the Ludwig-McGill study (48) compared with the model output. In general, we found that most of the scenarios we examined fell within the 95 percent confidence intervals of the observed data, with some projecting estimates closer to the mean values than others.
Model fit using a likelihood-based approach
Using the likelihood ratio test, we identified 16,818 parameter sets (of the 555,000 sampled sets) that were statistically indistinguishable from the set that achieved the best fit. Figures 3, 4 , and 5 show the model output compared with y Baseline values for all model input parameters were used. z HPV incidence and clearance rates were multiplied by a factor of 4. § Multipliers on noncancer transition rates were allowed to vary; specifically, the HPV incidence rate was multiplied by a factor of 4; progression to cervical intraepithelial neoplasia (CIN) 1 for low-risk types and high-risk types of HPV, by a factor of 2 and 3, respectively; progression to CIN 2,3 for high-risk types, by a factor of 2; clearance rate of HPV to normal, and regression from CIN 1, by a factor of 2; and regression of CIN 2,3, by a factor of 0.5.
{ Multipliers on all noncancer transitions varied as in the previous scenario; type-specific natural immunity was consistently greater than 50% for high-risk HPV types to achieve a reasonable fit to lifetime risk of cancer, and in this particular scenario it was 90%. (48); bars with vertical lines, model projections using the initial parameter values; bars with dots, analysis in which HPV incidence and clearances were multiplied by a factor of four; bars with diagonal lines, analysis in which multipliers were allowed to vary across the noncancer transition parameters; and black bars, analysis in which the assumption of immunity was introduced (consistently greater than 50% for high-risk (HR) HPV, and in this particular scenario it was 90%). Error bars represent the 95% confidence intervals of the Ludwig-McGill study estimates. Top panel, hazard ratios for associations of low-risk (LR) and HR HPV at enrollment with incident low-grade squamous intraepithelial lesion (LSIL) and incident high-grade squamous intraepithelial lesion (HSIL) within 6 years. Bottom panel, hazard ratios for associations of LR and HR HPV at a given visit with first squamous intraepithelial lesion (SIL) event and first HSIL event within 3 years. Prevalence of high-risk HPV (all HR types) (%)
15-
Age (years) FIGURE 3 . Model output of age-specific prevalence of high-risk (HR) human papillomavirus (HPV). Dotted lines, model output for 50 sampled good-fitting sets. Solid lines, 95% confidence intervals of the target data at each age group (10, 11, (50) (51) (52) (53) .
the 95 percent confidence intervals for three of the calibration target categories for a selection of 50 good-fitting sets. Although projected prevalences of low-risk HPV at younger and older ages were low, the model had reasonable fit to the data in terms of duration of HPV infection for both low-risk and high-risk types; prevalence of high-risk HPV infection, Cancer incidence rate (per 100,000)
Age (years) FIGURE 5. Age-specific incidence of cervical cancer per 100,000 women in Brazil. Dotted lines, model output for 50 sampled good-fitting sets. Solid lines, 95% confidence intervals of age-specific incidence data from the International Agency for Research on Cancer (15, 16) .
CIN 1, and CIN 2,3; and incidence of cancer. When we used either the binary or the hierarchical scoring algorithms, the top 100 scoring sets were included in the 16,818 good-fitting sets identified by the likelihood-based scoring approach. The parameter values for a sample of three good-fitting sets are presented in Appendix table 1.
Illustrative example of model output
To depict the nature of output using the calibrated model, figure 6 displays the mean reduction in lifetime risk of cervical cancer associated with two-visit HPV DNA testing using the sample of 50 good-fitting sets. The error bars represent the minimum and maximum reductions achieved by the 50 good-fitting sets. Also plotted is the output from a previous deterministic model using a single parameter set that was derived solely from the published literature and was not subject to calibration. The reductions in cancer risk projected from the deterministic model were similar to the mean reductions from the calibrated good-fitting sets when screening was frequent, but results slightly diverged when screening was less frequent.
DISCUSSION
Despite substantial progress in our understanding of cervical carcinogenesis and the development of advanced preventive measures, cervical cancer continues to be a leading cause of cancer death among women worldwide (60) . Motivated to address policy questions that require consideration of new screening technology, individualized screening protocols that depend on prior history, and the availability of type-specific vaccination, we developed a stochastic model that distinguishes HPV types, reflects heterogeneity among women, and accommodates more complex cervical cancer control strategies. The details and complexities of the new model introduce many challenges with respect to the increased number of unobserved parameters, however. Our objective in this study was to describe the iterative process in which we first utilized primary data for model development to identify key influential parameters and then used likelihood-based methods to identify sets of parameter values that produced model outcomes consistent with epidemiologic data from multiple sources.
In our initial calibration step, capitalizing on primary data from the Ludwig-McGill cohort study, we identified a set of model parameters describing the underlying transitions among HPV and CIN states that calibrate well to estimates of HPV duration and hazard ratios for the association of low-and high-risk HPV status at enrollment with detection of LSIL and HSIL. In general, we found that good fits were possible only with increased transition rates for HPV infection and clearance, increased transition rates for CIN progression and regression, and the introduction of typespecific natural immunity following HPV infection and clearance. Specifically, only when we assumed that natural immunity exceeded 50 percent for high-risk HPV types was a reasonable fit to the Ludwig-McGill data achieved. This finding was consistent with data from an empirical study that observed reduced risk of subsequent HPV-16 infection (61). Overall, this exploratory exercise illustrated the drawbacks of underestimating type-specific probabilities when using only average rates reported in the literature, and it highlighted the importance of including natural immunity in the parameterization of HPV incidence.
In our second phase of model development, we used a more formal likelihood-based calibration approach that enabled us to search simultaneously over multiple parameters to identify parameter sets that fit well to a wide range of epidemiologic data from multiple independent sources. Using 50 good-fitting parameter sets, we then provided an example of a model-based analysis of two-visit HPV DNA testing across different screening frequencies to demonstrate how the output from this model compares with that of a simpler deterministic model that relies on average transition rates that are generally not type specific. As expected, we found that the average outcomes associated with interventions aimed at screening and treatment for CIN were similar between the two models; however, our empirically calibrated model enabled us to report a range of cost-effectiveness ratios, thereby providing a better representation of the uncertainty of our results for decision makers. As we begin to address questions that incorporate interventions directed at specific HPV types, such as vaccination against HPV-16/-18 infection, we expect that the average results produced by the two models will diverge.
Although other calibration approaches have been described in the literature (62) (63) (64) (65) (66) (67) (68) , no universal approach is sufficient for all models, nor is there consensus on the ''best'' calibration approach. In fact, the choice of calibration method by an analyst depends on many factors, including the uncertainty with respect to the natural history of the disease, the nature of available data, and the model structure complexity required to assess the interventions of interest.
An alternate approach to model calibration-Bayesian methods-capitalizes on prior information on input parameters and generates a joint posterior distribution over all model parameters based on both the prior information and the likelihood of the different sets of parameter values conditional on the observed data (67, 68) . Despite its theoretical appeal, however, the Bayesian approach requires definition of meaningful priors, identification of likelihood functions for the set of observed data, and complex computations. The difficulties in using a Bayesian approach have generally outweighed the benefits in the calibration of disease-specific models, both deterministic and stochastic. Our analytic approach to calibration was selected after carefully considering the strengths and limitations-both theoretical and practical-of Bayesian and other calibration methods. We believe the approach we described here will appeal to epidemiologists because it uses common measures of effect produced in cross-sectional, case-control, and cohort studies as part of the approach to model calibration.
There are limitations to our approach, including the model structure and data inputs. First, although HPV is a sexually transmitted infection, we do not explicitly reflect transmission of HPV in the population based on sexual behavior but instead use data on age-related HPV incidence as a proxy. However, our model has the capability to be linked to an independent transmission model in which the probability of an individual acquiring an infection is dependent on the detailed sexual contact patterns of that individual and the distribution of the infection within the population at a given time. There are also inherent limitations and errors in the epidemiologic data used as inputs and calibration targets; for example, study subjects may not be representative of the general population, which may lead to under-or overestimation of the effects associated with interventions evaluated at the population level. In addition, although longitudinal data are critical in simulation modeling, biases may result from loss to follow-up and from changes in measurement instruments over time (e.g., HPV DNA assay) (69, 70) .
Our calibration methods also have several limitations. With multiple parameters being varied simultaneously, the search space was extensive; even with more than half a million parameter sets sampled, it is difficult to know whether the space was searched comprehensively. Although more efficient optimization algorithms (71) can be used to guide the parameter search more systematically, we chose the less efficient random search to maximize coverage of the space and to avoid identification of a local rather than the global maximum (67) . Furthermore, to our knowledge, no benchmark exists for how ''good'' the model fit must be to ensure adequate representation of a disease process. In this analysis, we used a likelihood ratio test to identify parameter sets statistically similar to the bestfitting parameter set. However, this approach relies on the assumption that the best set itself achieves an acceptable fit to the empirical data. After exploring alternative scoring algorithms and acceptance criteria, we consistently identified the same best-fitting sets, which gave us confidence about the reliability of our likelihood-based scoring approach.
From our iterative, multistep calibration approach, we constructed a revised natural history model of cervical cancer that is better equipped than our previous models to capture many important aspects of cervical cancer prevention policies. First, because of our calibration methods, which enable us to identify and utilize multiple good-fitting parameter sets, the model has the capability of provide a range of results, allowing more complete representation of the impact of uncertainty on policy results (72) . Second, we integrated new epidemiologic data on the complex natural history of HPV infections, enabling us to evaluate new screening technologies that detect high-risk types of HPV and preventive vaccines against HPV-16 and -18 that are imminent (73) . Finally, and perhaps most valuable, this iterative process of model development using empirical calibration permits us to leverage the wealth of new information about HPV anticipated in coming years and to tailor our modeling efforts to different countries. By providing a more solid foundation for evaluating cervical cancer control policies, we aim to address the most important policy questions related to screening and vaccination in a timely manner. 
